A considerable number of river basins around the world lack sufficient ground observations of hydro-meteorological data for effective water resources assessment and management. Several approaches can be developed to increase the quality and availability of data in these poorly gauged or ungauged river basins, and among those, the use of earth observations products has recently become promising. Earth observations of various environmental variables can be used potentially to increase the 5 knowledge about the hydrological processes in the basin and to improve streamflow model estimates, via assimilation or calibration. The present study aims to calibrate the large-scale hydrological model PCR-GLOBWB using satellite-based products of evapotranspiration and soil moisture for the Moroccan Oum Er Rbia basin. Daily simulations at a spatial resolution of 5 arcmin x 5 arcmin are performed with varying parameters values for the 32-year period 1979-2010. Five different calibration scenarios are inter-compared: (i) reference scenario using the hydrological model with the standard parameterization, ii) cali-10 bration using in-situ observed discharge time series, (iii) calibration using GLEAM actual evapotranspiration time series, (iv) calibration using ESA CCI surface soil moisture time series and (v) step-wise calibration using GLEAM actual evapotranspiration and ESA CCI surface soil moisture time series. The impact on discharge estimates of precipitation in comparison with model parameters calibration is investigated using three global precipitation products, including EI, WFDEI and MSWEP.
Introduction
To assess and manage the available water resources within a river basin, good estimates of hydro-meteorological data, such as precipitation, temperature and streamflow, are required. Yet many river basins around the world still have a limited number of in-situ observations. Consequently, most of the watersheds in the world are either ungauged or poorly gauged (Loukas and Vasiliades, 2014) . This refers to basins where streamflow or meteorological data are not measured or measurements are 5 discontinued due to termination of a measurement project and/or instrument failure (Sivapalan et al., 2003) . Developing novel strategies to enhance and improve available datasets and hydrological models have turned into a key issue in the so-called "ungauged basins" (Hrachowitz et al., 2013) .
To overcome the lack of hydro-meteorological data, a promising approach is the use of the recently developed global earth observations and reanalysis products to increase the quality and availability of a wide variety of environmental data. from downstream to upstream areas in the mountains. The mean annual precipitation and temperature are 400 mm and 18 o C,
respectively. Approximately 70 % to 80 % of the annual rainfall is concentrated in the period from October to May.
The lowlands of the basin are mainly covered with rain-fed and irrigated agriculture fields and the upstream regions are a combination of Mediterranean forests, woodlands and scrubs. The geology of the area is mostly composed of limestone, marls and sandstone with a karst aquifer in the Atlas Mountains and a multi-layered system of superficial and deep aquifers in the 5 western plains (Bouchaou et al., 2009 ).
Methodology

Large-scale hydrological model: PCR-GLOBWB
The large-scale hydrological model PCR-GLOBWB 2.0 (https://github.com/UU-Hydro/PCR-GLOBWB_model, Sutanudjaja et al., 2016 ) was used at a spatial resolution of 5 arcmin x 5 arcmin (approximately 10 km x 10 km at the equator) and at a 10 daily temporal resolution. PCR-GLOBWB is a leaky-bucket type of model applied on a cell-by-cell basis. Figure 2 illustrates a schematic representation of the structure of PCR-GLOBWB model. For each grid cell and time step, the model determines the water balance considering the following water storage components: soil moisture, groundwater, surface water, interception storage and snow. The soil is divided into three vertical layers representing the top 5 cm of soil (depth Z 1 ≤ 5 cm), the following 25 cm of soil (depth Z 2 ≤ 30 cm) and the remaining 120 cm of soil (depth Z 3 ≤ 150 cm), in which the storages are symbolized 15 as S 1 , S 2 and S 3 , respectively. The underlying groundwater store (S 4 ) consists of two layers: an active or renewable layer and a non-active or non-renewable layer of fossil water, in which the storages are symbolized as S 4act and S 4fos , respectively. The model also includes the water exchange processes between the top layer and the atmosphere (precipitation, evapotranspiration and snowmelt), between the soil layers (percolation and capillary rise) and between the soil layers and the active layer of the groundwater store (groundwater recharge, discharge to baseflow and capillary rise). Each grid cell is divided into sub-grids 20 considering variations of elevation, vegetation, soil and land cover. Five land cover types are distinguished: irrigated paddy field, irrigated non-paddy field, grassland (short natural vegetation), forest (tall natural vegetation) and open water. To compute the total runoff of every grid cell, the model includes direct runoff (Q DR ), shallow sub-surface flow from the third soil layer (Q SF ), and baseflow from the active groundwater layer (Q BF ). The total runoff is accumulated from all grid cells and routed along the drainage network to obtain the river discharge (Q channel ). The PCR-GLOBWB model version used here (Sutanudjaja 25 et al., 2016) simulates water availability and water abstraction, including reservoirs and domestic, industrial, livestock and irrigational water demands. The following subsections briefly describe the model components and the parameters relevant for the present calibration study. The reader is referred to Sutanudjaja et al. (2011) and Sutanudjaja et al. (2014) for a more detailed explanation.
Data
Meteorological data
The meteorological data required to force PCR-GLOBWB are air temperature, precipitation and reference potential evapotranspiration. In principle, in-situ precipitation and air temperature measurements could be obtained from the climate datasets developed by the World Meteorological Organization (WMO) Regional Climate Centers (http://www.wmo.int/pages/themes/climate/).
5
A total of 5 weather stations were found in the Oum Er Rbia basin (2) and its surrounding area (3). These measurements were too scarce in number and spatially sparse to cover the entire basin. Therefore, air temperature and precipitation were ob- To test model sensitivity to precipitation, air temperature and reference potential evapotranspiration were fixed and two additional global precipitation products were used: (i) ERA-Interim reanalysis data (EI) from the European Centre for Mediumrange Weather Forecasts (ECMWF) at the original spatial resolution of 0. 
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To inter-compare the precipitation products, the annual mean precipitation for the study time period for each forcing dataset was calculated (Figs. 3a, 3b and 3c) . In addition to the spatial resolution difference, MSWEP is able to capture the rainfall pattern over the Atlas Mountains rather well, which is only roughly distinguished by WFDEI and unrecognized by EI. The finer spatial resolution and the combination of reanalysis, satellite and in-situ data are probably the reasons for its more plausible spatial pattern. Furthermore, inter-annual variability of precipitation products was analyzed (Fig 3d) . WFDEI ranges Moreover, the global precipitation values were interpolated to the two weather station locations inside the Oum Er Rbia basin, Beni Mellal and Kasba Tadla (Fig. 1) , and Nash-Sutcliffe efficiency (NSE), Kling-Gupta efficiency (KGE), Pearson's correlation coefficient (r), Mean Absolute Error (MAE), Root Mean Squared Error (RMSE) and Percent bias (Pbias) between 7 Hydrol. Earth Syst. Sci. Discuss., doi:10.5194/hess-2017 Discuss., doi:10.5194/hess- -16, 2017 Manuscript under review for journal Hydrol. Earth Syst. Sci. weather stations, with a value of less than 10 %.
Discharge data
Daily river gauge data were obtained from the Oum Er Rbia Hydraulic Agency (ABHOER). Gauge measurements from two gauges in the western region of the basin were used in this study ( Fig. 1 
Soil moisture data
The ESA CCI surface soil moisture combined product version 2.2 (ESA CCI SM v02.2 CP) was generated as part of the European Space Agency (ESA) soil moisture Climate Change Initiative (CCI) project by the Vienna University of Technology (http://www.esasoilmoisture-cci.org/). A dataset for the 35-year period 1980-2014 of surface soil moisture was produced using 25 C-band scatterometer data (ERS-1/2 AMI scatterometer, MetOp Advanced Scatterometer -ASCAT-) and multi-frequency radiometer data (SMMR, SSM/I, TMI, AMSR-E, Windsat and AMSR2). Soil moisture retrieved using satellite active microwave data and satellite microwave radiometry were merged to make best use of soil moisture data from the different available satellites and sensors (Liu et al., 2011; Liu et al., 2012; Dorigo et al., 2015) . ESA CCI surface soil moisture combined product represents approximately a top soil layer depth of 0.5 -2 cm. Similarly to GLEAM, ESA CCI SM product at an original spatial ESA CCI surface soil moisture observations were compared to simulated soil moisture with the first of the three vertical soil layers in PCR-GLOBWB. Due to differences in layer depth and/or data characteristics, systematic biases between modelled and observed soil moisture may exist (Reichle and Koster, 2004) . To overcome this expected discrepancy and match the The adjusted simulated surface soil moisture values θ sim were calculated as
where θ sim are the simulated soil moisture values, θ obs is the ESA CCI soil moisture observations, σ θsim and σ θ obs are the standard deviations of the simulated and observed soil moisture values and θ obs and θ obs are the means of the simulated and observed soil moisture values.
Calibration and validation strategy
Alternative single objective calibration approaches based on discharge, actual evapotranspiration and surface soil moisture 15 and a multiobjective calibration approach based on actual evapotranspiration and surface soil moisture were inter-compared.
The multiobjective calibration approach consisted in calibrating model parameters in sequential steps to optimize objective functions of multiple variables related with the processes represented by each parameter. These experiments were carried out for five different calibration scenarios: i) reference scenario using the hydrological model with the standard parameterization (S0), ii) calibration using in-situ observed discharge time series (S1), iii) calibration using GLEAM actual evapotranspiration 20 time series (S2), iv) calibration using ESA CCI surface soil moisture time series (S3) and v) step-wise calibration using GLEAM actual evapotranspiration and ESA CCI surface soil moisture time series (S4).
Calibration scenario S0 represents the reference calibration scenario, which was not locally calibrated for the Oum Er Rbia basin, but uses a-priori model parameters derived from vegetation, soil properties and geological information at a global scale (latest model version of PCR-GLOBWB). Calibration scenario S1 aims to calibrate the hydrological model using in-situ 25 discharge observations, following the traditional calibration approach. Calibration scenario S4 represents the multiobjective calibration approach and it consists of a step-wise calibration scheme that attempts to combine the strengths of calibration scenarios S2 and S3.
Step one is simply scenario S2, where all the model parameters are allowed to be calibrated based on GLEAM actual evapotranspiration. In step two, those parameters that are clearly identified by calibration scenario S2 are held constant and the remaining parameters are allowed to be calibrated according to ESA CCI surface soil moisture, calibration 30 scenario S3. The five calibration scenarios were analysed for each of the three global precipitation products to study their impact on model parameters calibration and model performance. The calibration scenarios are described in Table 2 , including the scenario identifier.
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For the calibration using in-situ observed discharge time series (S1), two river gauge observation time series were used (section 3.2.2). The objective function to maximize for the calibration scenarios was Kling-Gupta efficiency (KGE). The mathematical formulation and description of the used objective function are included in section 3.4.
To calibrate PCR-GLOBWB for each of the three precipitation products, 81 runs with different parameter values were simulated: minimum soil water capacity (W min ), soil saturated hydraulic conductivites (K sat 1 , K sat 2 and K sat 3 ), baseflow 5 recession coefficient (J) and reference potential evapotranspiration (E p,0 ref ). These model parameters, which vary spatially over the basin, influence different model parts of the model behaviour, as it was explained in section 3.1. For the variation of the parameter values, spatially uniform prefactors were used: f w , f K , f j and f e ( Table 3 ). The remaining model parameters were kept fixed.
The prefactors to vary model parameter values were referred to the parameters of the S0 calibration scenario. The spatial 10 distribution of the parameters W min , K sat and J used in S0 scenario can be found in Figure A1 of Appendix A. As reference calibration scenario, S0 prefactors are: 
Performance metrics
To inter-compare the three global precipitation products six metrics were used: Nash-Sutcliffe efficiency (NSE), Kling-Gupta performance for each calibration scenario. NSE, RMSE and r were also used as additional assessment measurements in the validation procedure.
Nash-Sutcliffe efficiency (Nash and Sutcliffe, 1970), NSE, is defined as
where x(t) and y(t) are the modeled and observed variable at t time step (months), y is the mean of observed data and n is the 30 total number of observations. NSE is widely used for calibrating and validating hydrological models in terms of discharge. Gupta efficiency (KGE), to avoid the problems that can be derived of using the NSE criterion (e.g. high sensitivity to extreme values and bias). KGE is given as
where r represents the Pearson's correlation coefficient, α is the ratio between the variance of the modeled variable and the 5 variance of the observed variable and β is the ratio between the mean of the modeled variable and the mean of the observed variable, i.e. β represents the bias. Analogous to NSE, KGE ranges from −∞ to 1 with an ideal value of 1. KGE measures simultaneously bias, variability and correlation.
Pearson's correlation coefficient (Pearson, 1896), r, measures the degree of linear association between modeled and observed values and it is defined as
where x(t) and y(t) are the modeled and observed variable at t time step (months), y is the mean of observed data, x is the mean of modeled data and n is the total number of observations. r varies within the interval [-1,1] . r is mainly used in hydrological modeling to evaluate the timing of modeled to observed time series.
The following two performance metrics, MAE and RMSE, measure the accuracy of modeled values to observations. Mean
15
Absolute Error, MAE, is calculated as
and Root Mean Squared Error, RMSE, is given as
MAE and RMSE range from 0 to ∞ and they are negatively oriented metrics, which means that lower values indicate a better 20 performance. If M AE = 0 and RM SE = 0, modeled values accurately represent the observations. MAE and RMSE measure the average magnitude of the errors, but MAE is a linear score and RMSE is a quadratic score, which means that the latter one gives relatively high weight to large errors.
Percent bias indicates the average tendency of the modeled values to over-or underestimate the observations. Pbias, is calculated in percentage terms as
The optimal value of Pbias is 0.
Results
Model parameters were calibrated using discharge, evapotranspiration and soil moisture observations through five different For calibration scenario S1, scatterplots of Figure 5a and Figure 5b are nearly similar. KGE values were obtained from the comparison between model estimated discharge and observed discharge at Ait Ouchene ( Figure 5a ) and Mechra Eddahk ( Figure   5b ). Results show that f w and f e are well identified by discharge calibration at both gauging stations when forced with any of 10 the three precipitation products. However, f k and f j prefactors show a large spread to estimate the best values from all the runs, hence f k = 0 and f j = 0 are used. For both locations, the optimal discharge performance in terms of KGE is obtained with f e = 1.25 and f w = 1.25. For calibration scenario S2, KGE values were obtained comparing modelled actual evapotranspiration and GLEAM actual evapotranspiration. The scatterplots in Figure 5c show that only prefactor f e can be clearly identified, whereas the remainder of the prefactors (f j , f w and f k ) show a large spread, suggesting that evapotranspiration-based calibration may 15 be unreliable in their identification. Therefore, model run with prefactors f e = 1.25, f j = 0, f k = 0 and f w = 1 is considered as the calibrated run based on the evapotranspiration performance.
For calibration scenario S3, KGE values were obtained comparing simulated soil moisture and ESA CCI soil moisture. The scatterplots in Figure 5d show that prefactors f w and f k can be identified, f w = 1.25 and f k = 0.25. Prefactors f e and f j are not identifiable when soil moisture is used for calibration. Therefrom, the calibrated run based on soil moisture performance is 20 the model run with prefactors f e = 1, f j = 0,f k = 0.25 and f w = 1.25. This implies that ESA CCI soil moisture may be used to indirectly tune groundwater recharge by calibrating the upper soil saturated hydraulic conductivities, K sat .
Calibration scenario S4 attempts to combine the strengths of scenarios S2 and S3. In the first step, all prefactors are allowed to be calibrated to find the highest actual evapotranspiration KGE. In the second step, those prefactors that have been identified calibrating the model to GLEAM evapotranspiration (i.e. f e ) were held constant and the remaining three prefactors are allowed 25 to be calibrated according to ESA CCI soil moisture KGE performance (i.e. f w and f k ). As a result, for calibration scenario S4, the prefactors identified during the evapotranspiration calibration (S2): f e = 1.25 and during the soil moisture calibration (S3):
f w = 1.25 and f k = 0.25 are adopted. This step-wise calibration approach using multiple system variables allow to identify more parameters than when those variables are separately used. Nonetheless, prefactor f j is not clearly identified and its value for the calibration scenario S0 is used, f j = 0. A combination of high f e , high f w and high f k provides the best performance 30 in terms of evapotranspiration and soil moisture.
Once the best runs for each calibration scenario were identified, their discharge performance was checked at the two gauging stations: Ait Ouchene, in Figure 6 and Mechra Eddahk in reproduces the observed discharge at the two gauging stations well, as shown in Figure 10 (at monthly temporal resolution), except some simulated extreme peaks which were not observed, e.g. January and June in 2002. This lack of fit may be due to errors in the precipitation data, because higher discharge differences are shown when WFDEI and MSWEP products are used 10 at both gauging stations.
The evapotranspiration-and soil moisture-calibrated run (S4) improved discharge performance indicators NSE and KGE in comparison with discharge estimates from calibration scenario S0 for most of the cases. For example, NSE increases from -0.604 to 0.380 and KGE increases from 0.011 to 0.617, when MSWEP precipitation is used at Ait Ouchene station. These increments are lower, but still significant, at Mechra Eddahk station, with NSE values ranging from 0.534 to 0.582 and KGE
15
values varying from 0.648 to 0.710. However, when EI precipitation product is used, the discharge estimates from calibration scenario S4 show a similar or even lower performance than discharge modelled from the reference scenario S0. Thus, an improvement of 7.6 % in NSE and a decrease of 21.8 % in KGE is produced at Ait Ouchene station and a decrease of 1.6 % in NSE and of 9.7 % in KGE is produced at Mechra Eddahk station. This may be due to the quality differences between the global precipitation products and some errors in other model parameters that were not calibrated, such as the soil thickness 20 parameters.
To further understand the added value of using GLEAM evapotranspiration and ESA CCI soil moisture data for model calibration, the variations of NSE, KGE, RMSE and r between each calibration scenario (S1, S2, S3 and S4) and the reference calibration scenario (S0) were calculated and plotted for the validation time period in Figure of NSE, KGE, RMSE and r means that either S1, S2, S3 or S4 scenario obtained a higher skill score than S0, whereas a negative value means that those scores decreased after calibration. Figure 11 shows that variations of the performance indicators are lower when EI precipitation product is used. The highest differences between the calibration scenarios were obtained when the model is forced with WFDEI precipitation. This is a consequence of the precipitation discrepancies analysed in section 3.2.1.
30
In the inter-comparison of the calibration scenarios, calibration scenario using in-situ observed discharge data (S1) obtains overall the highest increase of NSE, KGE and r and the highest reduction of RMSE when any of the precipitation products are used, as it was expected. Similar NSE and KGE increases and RMSE decreases are obtained when the model is calibrated using only soil moisture (S3) and using the combination of evapotranspiration and soil moisture (S4), but larger improvements in r are obtained with the step-wise calibration scenario (S4). NSE, KGE and r gains when comparing calibration scenarios S2
35
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In each barplot, metrics improvements are larger at Ait Ouchene station than at Mechra Eddahk station. This is due to the lower discharge performance for the reference calibration scenario S0 at the former gauging location. Note that in some cases 5 where the change in KGE is negative (e.g. when EI precipitation is used at Ait Ouchene station), this is because although there was an improvement in the KGE performance indicator during the calibration time period, when calculating it for the validation time period, it is possible that the metric slightly worsens. Note that some variations in NSE, RMSE and r are small or close to 0, because its calibration was optimised for KGE and not for those particular metrics in terms of discharge.
Discussion
10
Results show that GLEAM actual evapotranspiration and ESA CCI soil moisture observations may be used to calibrate determined PCR-GLOBWB model parameters at the ungauged basin of Oum Er Rbia. GLEAM actual evapotranspiration can be used to calibrate the reference potential evapotranspiration (f e ) as expected, affecting the water exchange between the top soil layer and the atmosphere and hence the soil water balance. ESA CCI soil moisture data can be used to calibrate the minimum soil water capacity (f w ) and the saturated hydraulic conductivities of the soil layers (f k ), determining the surface runoff 15 generation response, the shallow sub-surface flow and the groundwater recharge. However, calibration using only GLEAM evapotranspiration data or only ESA CCI soil moisture can result in more than one parameters combination to be optimal in terms of discharge (overparametrization or equifinality problem). To overcome this problem, a step-wise calibration scenario based on both observations, evapotranspiration and soil moisture, is necessary to identify the optimal values of reference potential evapotranspiration (f e ), runoff-infiltration partitioning parameters (f w ) and the soil saturated hydraulic conductivity (f k ).
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Nonetheless, neither of these observations can be used to calibrate the baseflow from the active groundwater layer (f j ). To identify baseflow recession coefficient parameter (f j ) a multiobjective calibration approach to streamflow observations could be followed. Similarly to Fenicia et al. (2007) , multiple objective functions may be optimized in sequential steps for high flows, low flows and timing.
A step-wise calibration approach based on GLEAM actual evapotranspiration and ESA CCI soil moisture results in dis-25 charge estimates of acceptable accuracy (Moriasi et al., 2007) , compared to discharge estimates derived from a model that has been calibrated to in-situ discharge measurements. Results indicate that precipitation impact on streamflow estimates is more significant than the one derived from calibrating model parameters, thus the lower quality of WFDEI compared to EI and MSWEP, decreases model performance and calibration is biased in order to compensate precipitation errors. Further investigation of the effect of precipitation errors on model efficiency, but also on model parameters estimation may be an interesting 30 route for hydrological research (Andréassian et al., 2004; Looper et al., 2012) .
This study shows that globally available earth observations, such as evapotranspiration or soil moisture, can be used to further parameterize large-scale hydrological models providing reasonable discharge estimates at regional or basin scale. In
principle, these calibration approaches can be applied and investigated in other basins without or with limited in-situ ground hydro-meteorological data (ungauged basins), not only to estimate discharge, but also to improve the understanding of the hydrological processes in the basin. Results suggest the potential of using other satellite products for hydrological modeling studies, including soil moisture products such as AMSR-E (Njoku et al., 2003) and SMOS (Kerr et al., 2001) , evapotranspiration products such as SEBAL (Bastiaanssen et al., 1998) and MOD16 (Nishida, 2003) , total water storage products such as 5 GRACE (Tapley et al., 2004) , etc. Future studies may investigate step-wise calibration approaches using the combined information from multiple hydrological system variables. By incorporating several data products, different parts or components of the model can be optimized to increase the overall model performance. Alternatively, these hydro-meteorological data which are globally available may be used to identify and develop relationships between different basins using similarities, classification and scaling frameworks, as presented in previous studies (Samaniego et al., 2010b; Kumar et al., 2013) . lowed where GLEAM actual evapotranspiration and ESA CCI surface soil moisture data are used to identify model parameters with the aim to improve discharge estimates. In-situ discharge observations are also used for calibration, as they are traditionally used to calibrate hydrological models.
Results show that PCR-GLOBWB may provide reasonable discharge estimates when forced with global precipitation products and calibrated to remotely sensed evapotranspiration and soil moisture observations. Traditional calibration to in-situ 25 discharge measurements results in the highest model performance, as expected. A model calibrated only on evapotranspiration or soil moisture provides reasonable discharge estimates, allowing the identification of those model parameters associated with the hydrological processes that they represent. The step-wise calibration approach using evapotranspiration and soil moisture data combines the benefits of both observations achieving a better discharge performance than when they are separately used.
In the inter-comparison between the three global precipitation products, WFDEI shows the lowest performance, whereas EI 30 and MSWEP perform quite well. Apart from the in-situ discharge calibration scenario, the highest discharge improvement is obtained when the two latter forcing data are used in combination with a step-wise calibration approach based on evapotranspiration and soil moisture observations. Table 2 . Calibration scenarios.
Scenario identifier Description
S0
Reference scenario S1 Calibration using in-situ observed discharge time series S2 Calibration using GLEAM actual evapotranspiration times series S3 Calibration using ESA CCI surface soil moisture time series
S4
Step-wise calibration: using GLEAM actual evapotranspiration and ESA CCI surface soil moisture time series 
